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Density Estimation From Truncated Samples

Survival set: S* € R?
The mass of S is at least £(S™; 0*) = @ where « is at least 1%

Samples observed from the truncated distribution

1+(x
£(0*,5%:1x) = Sa( )-8(9*;x)
—

I

Goal: Givenx ~ £(0%,57), find such that dTV(E( ), 8(9*)) <¢
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O(d?/e?) algorithms with “known” S*
* Gaussians Daskalakis, Gouleakis, Tzamos, and Zampetakis (FOCS 2018)

 Certain exponential families Lee, Wibisono, Zampetakis (NeurI’S 2023)
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dPoy(T'5™)/8) algorithms with unknown S*

* Diagonal gaussians Kontonis, Tzamos, and Zampetakis (FOCS 2019)
* SQ lower bound dPelYT(s7)/e) Diakonikolas, Kane, Pittas, Zarifis (COLT 2024)
Q1: Estimating general Gaussians with unknown 5*?

Q2:  poly(d/e) time estimation for halfspaces?
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Informal Theorem 1: In dP°Y('S")/¢) time, we can find (, £), s.t., with 99% probability

dTV(N(:ur Z)) N(M*,Z*)) < €.

Informal Theorem 2: Let S* be a halfspace or an axis-aligned box

In poly(d/e) time, we can find (g, X), s.t., with 99% probability

dTV(N(.u' Z); N(H*,Z*)) < €.

Both results extend to truncated linear regression with Gaussian covariates with unknown S*
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Results Beyond Gaussians

Kontonis, Tzamos, Zampetakis (FOCS 2019)

Our approach is ‘
not base'd on JPOY(T(5"/9) time Speed up q poly(d/ 8). tim.e for :
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with respect to £(6) in L,-norm algorithm for halfspaces?
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E(6™) and £(6,) are C-close for C = poly(1/a):

for all sets T € R%, e C.E0yT) < EB%T) <e€ - E(6y;T)V/C

Informal Theorem: H can PAC-learned from

* niid positive samples and
* niid unlabeled samples from C-close to Dy
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Algorithm: L;-Regression  (Kalai, Klivans, Mansour, Servedio, FOCS 2005)

L,-Regression whenever 1¢+(x) can be approximated by polynomials w.r.t. £(8)
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Efficiently Learning $*: General Sets

Most approximability results are known w.r.t. log-concave distributions

<= Distribution of positive samples

=" Approximate” unlabeled distribution

Log-concave bridge distribution %

4= \[ixture constructed
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Efficiently Learning S*: Specific Families

Halfspaces
Moment-Based Method to learn halfspaces w.r.t. unknown Gaussian

Ex] o u*+

Cov,[x] o« X*+

E, [(x — Uy S*)®3] X

............................

Axis-Aligned Rectangle * +

Folklore Method to learning from only positive samples
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New Results in Truncated Statistics with Unknown Truncation
* First efficient algorithm for general Gaussians (and beyond)
* First etficient algorithm for truncated linear regression with Gaussian features

* First poly(d/e) algorithm for restricted truncation sets (e.g., halfspaces)

A reduction from learning with positive and “imperfect” unlabeled samples to agnostic learning

Open Problems:
* poly(d/e) algorithm for other classes, e.g., intersections of (two) halfspaces
 Truncated Linear regression with non-Gaussian features

« Unknown truncation with weaker requirements than bounds on GSA

Thank You!
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